In this article we employ detailed internet search data to examine price and liquidity dynamics of the Dutch housing market. The article shows that the number of clicks on online listed properties proxies demand and the amount of listed properties proxies supply. The created market tightness indicator Granger causes both changes in prices and market liquidity. The results of the panel VAR suggest a demand shock results in a temporary increase in liquidity and a permanent increase in prices. This is in accordance with search and matching models. This paper also provides evidence for loss aversion for current homeowners as prices generally declined during the sample period (2011 -2013).
Introduction
The internet proves to be a valuable source of information that foreshadows economic developments (Lohr, 2012) . The basic idea is that future consumption is preceded by information gathering. Askitas and Zimmerman (2009) call this behavior preparatory steps to spend. In line with Wu and Brynjolfsson (2014) this paper employs internet search data to examine the effects for the housing market. We argue that potential home buyers start their search for a house by browsing the internet. The availability of detailed data in the Netherlands allows to examine the relationship between online search behavior and housing market developments on a local scale.
The largest housing website in the Netherlands is Funda.nl, which has a stable market share of around 60% of all housing websites (Kerste, Baarsma, Roosenboom, & Risseeuw, 2012) . Furthermore 83% of potential buyers uses Funda to find a suitable home (Conclusr, 2014) . Therefore, the activity on this website, more specifically search behavior, could give a useful indication about (future) demand. Moreover, the number of listed properties could be a useful supply indicator. By combining these, we develop a demand versus supply or market tightness indicator. The advantage of these data is that it can be determined on a detailed scale, both over time (quarterly) and over the cross-section (municipalities).
A large share of the literature that examines the relationship between house prices and market liquidity, uses shocks in, for example, the labor market (Clayton, Miller, & Peng, 2010) or the mortgage rate (Hort, 2000; De Wit, Englund, & Francke, 2013) to determine the price-volume correlation. Although some articles examine the effects on a regional or local scale, these shocks usually occur on a national scale. By including the internet search data, the shocks can be linked more closely to local housing market developments. The main aim of this paper is to gain insights in the dynamics between market liquidity and house prices by using internet search query data.
The number of times watched per month of each individually online listed house is received from Funda. Due to privacy issues, the lowest level at which the internet search data can be linked to transaction data is on ZIP code level. Unfortunately, this level is too low in order to generate reliable times watched per house series, liquidity series or price indexes for all areas in the Netherlands. Therefore, we aggregate the data at the municipal and quarterly level. The result is a quarterly panel of all 403 Dutch municipalities that contains the number of houses which are for sale on Funda and how many times these houses have been clicked upon in the corresponding quarter. By dividing the times watched by the number of online listed houses, we generate a demand versus supply variable (i.e. market tightness indicator). This variable is subsequently included into a panel VAR in order to test whether it foreshadows developments on the housing market in the short run. We find that the market tightness indicator significantly Granger causes both house price changes and changes in liquidity.
Booming markets are typically characterized by more liquidity, while bust markets with declining prices usually show less liquidity (Stein, 1995; Clayton et al., 2010; De Wit et al., 2013) . We consider three (not mutually exclusive) theories: (i) search and matching models, (ii) downpayment constraints and (iii) behavioral explanations. Following Mayer (2001), De Wit et al. (2013) , among others, we employ the rate of sales (i.e. sales in a given period divided by the number of houses for sale at the 3 beginning of the period) as market liquidity measure.
To determine the liquidity-price relation, we estimate the impulse response functions of the market tightness indicator in a panel VAR framework. The cumulative effect on house prices is positive. Furthermore, we find that liquidity increases temporary, but reverts back to its original level after house prices have adjusted to the new level. This is in line with the search and matching framework in which buyers respond more quickly to a demand shock than sellers (Genesove & Han, 2012) . Moreover, as the sample period is generally characterized by decreasing house prices, the paper provides empirical evidence for loss aversion for current homeowners (Genesove & Mayer, 2001 ).
The next section will discuss some of the literature on the relationship between prices and liquidity in the housing market and on the usage of internet data in economic research. Next the used data and the econometric model are described, followed by a discussion of the results with respect to price and liquidity dynamics in the property market.
Literature review
Prices and liquidity in the housing market Since housing markets are not perfectly efficient (Case & Shiller, 1990) and no central housing exchange exists, the housing market can be characterized as a search market, in which buyers and sellers look for each other until they are matched (Genesove & Han, 2012) . If there is a match, a trade will occur which means a house will be transacted. This search and matching principle is important in house price dynamics. Buyers and sellers set their reservation prices for which they are willing to buy or sell (Yavas & Yang, 1995; Knight, 2002) . A transaction occurs if the reservation price of the buyer equals or exceeds the reservation price of the seller. Because of information asymmetry, buyers and sellers react differently to a shock. Genesove and Han (2012) show that sellers react to a demand shock with a lag. In other words sellers gradually adjust their reservation prices upwards (downwards) when demand increases (decreases). If demand increases, the group of buyers willing to pay the sellers' reservation prices increases. Hence, the probability that a transaction occurs increases.
Besides this search and matching approach De Wit et al. (2013) identify two other groups of theories in the literature: (i) the interaction between downpayment constraints, mobility and house prices and (ii) behavioral explanations. The authors stress however that the three approaches are not mutually exclusive. The fundamentals of the group of downpayment constraints lie within the work of Stein (1995) , who introduces the downpayment hypothesis. This hypothesis states that homeowners who would like to buy a house are constrained by a downpayment that they have to make in order to buy the new house. We expect that the downpayment hypothesis is not very applicable to the Dutch situation as the current LTV-limit is relatively high 1 .
Finally, there are behavioral explanations for the relationship between prices and liquidity. The behavioral bias of loss aversion is generally thought to hold in commercial (Bokhari & Geltner, 2011) and residential (Genesove & Mayer, 2001 ) markets. As prices go down, homeowners don't like to sell their houses for less than what they paid. Van der Cruijsen, Jansen, and Van Rooij (2014) show that this principle of loss aversion combined with an endowment effect leads to an overestimation of the value of the house by the homeowner. The result is that reservation prices of sellers, hence asking prices, remain too high in bad times. Consequently, market liquidity will dry up during these times.
The financial economics literature generally distinguishes between market liquidity and funding liquidity (Brunnermeier & Pedersen, 2009 ). Market liquidity is defined as the ease at which assets can be traded while funding liquidity refers to the ease they can be financed. In the housing market literature examples of market liquidity include the rate of sales (Genesove & Mayer, 2001; Hort, 2000; De Wit et al., 2013) , (seller) time on market (Jud, Seaks, & Winkler, 1996; Kang & Gardner, 1989; Glower, Haurin, & Hendershott, 1998) and the number of transactions (Wu & Brynjolfsson, 2014 ). An example of funding liquidity is the ease to obtain a mortgage (i.e. credit constraints, see Duca, Muellbauer, & Murphy, 2011; Mian & Sufi, 2009; Francke, Van de Minne, & Verbruggen, 2014) . In this paper we are interested in market liquidity and employ the rate of sales as measure.
The rate of sales is defined as the number of transactions in a period divided by the number of houses on the market at the begin of the period.
The relationship between market tightness (i.e. the ratio of buyers to sellers) and subsequent price appreciation is set out by Carrillo, De Wit, and Larson (2015) . They use ex ante sale probability (based on the time on market) and sellers' bargaining power (based on list price, sale price and time on market) to measure market tightness. We relate to this paper by combining market tightness and price changes in one model. However, we propose a different measure for market tightness based on internet search data.
Internet as a new source for data
Recently, the use of alternative data has received some attention in the literature, or as the New York Times puts it: "Welcome to the Age of Big Data" (Lohr, 2012) . Most articles use data that measure the gathering of information. The authors argue that information which consumers gather today, can say something about actions taken in the future. Hence, they provide a measure of preparatory steps to spend (Askitas & Zimmerman, 2009 ). Askitas and Zimmerman (2009) find that Google Trends 2 is useful for employment forecasts in Germany. They construct an index based on Google search queries like "unemployment office", "unemployment rate", "personnel consultant" and the names of German job search agencies. They argue that a search query like "unemployment office" is associated with a flow into unemployment as this internet search behavior is linked to contacting the unemployment office. Conversely, searches for the names of German job search agencies are related to a flow out of unemployment. The findings suggest that the former has a significant positive impact on unemployment figures in both the short and long run and the latter has a significant negative impact on employment figures in the short run.
Similarly, Vosen and Schmidt (2011) Google groups several search queries into aggregated search indexes regarding a certain topic, like "Real Estate". They find that using the indicator 2 Back then known as Google Insights.
improves the out-of-sample one-month ahead forecasts. But more interestingly, the Google trends indicator significantly outperforms the MSCI and CCI indicators.
Recently, internet data is also applied in real estate research to predict future trends (Wu & Deng, 2015; Lee & Mori, 2014; Wu & Brynjolfsson, 2014) . Wu and Brynjolfsson (2014) Finally, Wu and Deng (2015) also use internet search data from Google to detect information flows regarding price discovery from larger cities to smaller cities. They use this data to construct an information flow indicator of the Chinese housing market. Although, Wu and Deng (2015) also examine price discovery in the housing market with internet search data, they seek to find a lead-lag relationship between larger and smaller cities (i.e. intercity price discovery). In this paper we specifically look at changes in liquidity and price discovery after a demand shock measured by internet search data. 
Data
This paper combines internet search data, price changes and changes in market liquidity in a single panel VAR model. Both transaction data and click data are available on the individual level, but due to privacy issues the lowest scale at which the data can be matched is on ZIP 3 code level.
Unfortunately, we have to aggregate the data further to municipal and quarterly levels because ZIP code level is too detailed to generate reliable price, liquidity and internet search indexes. Hence we estimate a price index and the rate of sales from individual transaction data and a times watched per house series from individual click data for each municipality in each quarter (Table 1) .
Transaction data
We use detailed data from the Dutch Association of Real Estate Brokers and Real Estate Experts (NVM) to construct the quarterly house price index at the municipal level. The data include the sale price, date of sale and several house-specific characteristics (see Appendix). In total there are over 1.6 million transactions 4 included between 2000 and 2014.
3 4 digit level. 4 A transaction is denoted as "transaction" in the NVM database at the time of the signing of the buyers' contract. Other Dutch databases like the Kadaster (Dutch Land Registry) a transaction is included when the legal transfer takes place. Therefore it is generally found that NVM transaction data leads other data sources. The house price index is estimated using a Hierarchical Trend Model (HTM)
as proposed by Francke and De Vos (2000) and Francke and Vos (2004) . A HTM is a hedonic price model that specifically addresses the spatial and temporal dependence of selling prices and is well suited to construct con- The Dutch equivalent of a NUTS-3 region and comparable to the MSA classification in the US. 7 We also experimented with a local linear trend model, but the trend component proves to be insignificant for most municipalities.
Appendix). Figure 5 in the Appendix includes rate of sales estimates of municipalities within one COROP-region.
During the sample period, house prices generally declined (Table 2) . During 2013 some areas started recovering, but on average house prices declined.
The rate of sales declined in 2011 and 2012, but started increasing in 2013.
The results of Fisher's combing p-values test (Maddala & Wu, 1999) , in which separate ADF regressions are run for each municipality are shown in Table 3 . House prices are I(1): the series are non-stationary in levels but stationary in first-differences. The rate of sales series are I(0). 
Internet search data
Internet search popularity is based on data of the housing website Funda.
In a survey executed by Conclusr (2014) , 93% of the respondents mention "Funda" when they are asked to name a housing website. Additionally, 81%
prefers With respect to the popularity of the municipalities on Funda, the map in earthquakes. During these times questions were raised whether these earth-quakes had an impact on house prices. Although research by Francke and Lee (2013) has shown that prices changes in Groningen did not differ significantly from a comparison area, news regarding house prices in Groningen may have triggered internet search behavior. This simultaneous causality is explicitly taken into account as internet search behavior is also included as dependent variable. Furthermore, we perform an additional robustness check that excludes this area.
To cope with seasonal effects and noise, the times watched per house series Finally, the unit root tests in Table 3 indicate the times watched per house variable is I(0).
Model
In order to examine the relationship between house prices and liquidity and how these respond to changes in the time watched per house variable we define a panel Vector Autoregression (VAR) in (1). Table 1 describes the used variables. All variables except the rate of sales are modeled in logs.
We take the first difference of these variables in the panel VAR.
Here y is a vector of dependent variables which contains changes in log house prices (pr), changes in liquidity (ros) and changes in log number of clicks per property (wph). This vector depends on lagged values of these variables up to quarter Q and the estimated coefficients are included in matrix Γ.
Subscripts i and t denote the municipality and quarter respectively. Time fixed effects are included in the models and are denoted by λ t . By transforming the variables, which in this case is done by taking first differences, the unobserved heterogeneity between the municipalities cancels out. Finally ε is the error term.
In this model price changes, changes in liquidity and changes in clicks are modeled simultaneously. The simultaneous causality is explicitly taken into account by the impulse responses generated by the VAR model and are therefore able to provide insights in this relationship.
It is generally accepted that house price changes exhibit positive serial correlation in the short run (Capozza, Hendershott, & Mack, 2004) . This suggests that lags of the dependent variable should be included in the models. Hence, modeling the data as a dynamic panel seems most natural. A problem that arises when including lags of the dependent variable in the regression is that these lags are correlated with the error term and therefore will result in biased results (i.e. Nickell's bias, see Nickell, 1981; Roodman, 2009) . In order to cope with these issues, the parameters of interest are estimated using system Generalized Method of Moments (GMM). Table 4 Granger causality tests confirm these findings. These indicate that a change in the times watched per house Granger causes both changes in house prices and the rate of sales. This confirms the findings of Carrillo et al. (2015) , who find that market tightness is positively related to future price appreciation.
Results

Estimation results
Although, it might seem that a one-quarter lag seems too short (i.e. the time between browsing the internet and the sale might be longer). The date of transaction is the date of the signing of the buyers' contract, the actual 10 MMSC-Bayesian information criterion (MBIC), MMSC-Akaike's information criterion (MAIC), and MMSC-Hannan and Quinn information criterion (MQIC), see Andrews and Lu (2001) . In (i) changes in log house prices are regressed on lagged changes in log house prices, lagged changes in the rate of sales and changes in log times watched per house, in (ii) changes in the rate of sales are regressed on lagged changes in rate of sales, lagged changes in log house prices and changes in log times watched per house. Column (iii) includes the times watched per house as dependent variable. The time and cross-sectional dimensions are 12 quarters between 2011 and 2013 and 403 municipalities respectively. Coefficients are estimated using system GMM and standard errors are robust to hetereoskedasticity and autocorrelation and are clustered by municipality. Optimal number of lags based on information criteria. The table further depicts Granger causality tests of the variables in each equation. T-statistics in parentheses, * p < 0.10, * * p < 0.05, * * * p < 0.01.
legal transfer is approximately three months later 11 .
The model also provides evidence regarding the price-volume correlation.
Changes in the lagged rate of sales has a positive effect on price changes today, although it is only marginally significant. This confirms the findings of, for example, Miller and Sklarz (1986) , who find that the changes in the rate of sales is a leading indicator of price changes. The Granger causality test, however, cannot be interpreted as significant. There seems to be no relationship running from price changes to changes in liquidity. The lack of significance in these findings might be attributed to the relative short sample (i.e. 3 years).
Interestingly, the change in the times watched per house responds (besides on its own lag) also significantly to changes in the rate of sales but not to changes in prices. There seems to be a negative relationship between changes in the rate of sales and changes in times watched per house. The underlying mechanism might be the following. If more houses are sold in the previous quarter in a municipality, there are fewer potential buyers left who are still looking to buy a house in this municipality, hence the reduction in clicks. The Granger causality test confirms that changes in the rate of sales
Granger causes changes in the times watched per house.
Impulse responses
To interpret the results economically, this section looks at the impulse responses generated by the model in Table 4 . The main advantage of interpreting the results through studying the impulse responses is that these capture the full dynamics of the model. If, for example, the times watched per house increases, the one-quarter lagged coefficient indicates a direct effect on prices. There is, however, an additional effect running through liquidity.
Furthermore, the autoregressive components amplify the effects. This is also clearly visible in Figure 3 , which depicts the impulse responses. The dashed lines represent the 95% confidence bounds and are obtained by Monte Carlo simulation. The size of a shock amounts to one standard deviation of the impulse variable.
In the bottom left panel of Figure 3 a shock has been given to the growth in the times watched per house and the function depicts the response of change in house prices. The graph shows that the largest growth in house prices is in the quarter after the shock, but that the shock only dies out after roughly 20 one year. The shock also has a positive impact on the change in the rate of sales in the first quarter. The shock has a negative impact (although only marginally significant) on the rate of sales in the second quarter.
The cumulative impulse responses as presented in Figure 4 depict the cumulative growth of the response variable after a shock in the impulse variable.
Hence, these can be interpreted as the level change of the response variable.
This graph indicates that a change in the number of clicks has a permanent effect on prices, but only a temporary effect on liquidity as measured by the rate of sales. An increase in one standard deviation (37%) in the times watched per house leads to a permanent price increase of roughly 0.4%. The rate of sales increases by approximately 0.1%-point after 1 quarter. After 2 quarters, the rate of sales decreases to the pre-shock level.
The slow adjustment process of prices during a period in which prices generally decreased (Table 2) are also supportive of the principle of loss aversion as documented by Genesove and Mayer (2001) . To illustrate this, consider the case of a negative demand shock. Because sellers keep their listing prices too high during these bad times, fewer transactions occur. After sellers realize the market has gone down, they lower their listing prices resulting in further price decreases.
To summarize the main findings, liquidity responds fairly quickly to a positive demand shock, its effect is short-lived. Prices respond much more gradual and there seems to be a permanent increase in prices. This is in line with the search and matching models as proposed by Genesove and Han (2012) . Finally, the findings are also in line with the principle of loss aversion as documented by Genesove and Mayer (2001) . 
Robustness checks
The earthquakes in the Northeastern part of the Netherlands (Groningen) might have resulted in search behavior, while people were not actually interested in buying in the area. This might be a cause for bias in the estimated coefficients. We did a robustness check on the model that excludes the municipalities within the earthquake area 12 . The results of the Panel VAR model excluding the earthquake area are in Table 5 . All coefficients and their significance are very similar to those presented in Table 4 , hence the coefficients are not biased due to the inclusion of the region. In (i) changes in log house prices are regressed on lagged changes in log house prices, lagged changes in the rate of sales and changes in log times watched per house, in (ii) changes in the rate of sales are regressed on lagged changes in rate of sales, lagged changes in log house prices and changes in log times watched per house. Column(iii) includes the times watched per house as dependent variable. The time and cross-sectional dimensions are 12 quarters between 2011 and 2013 and 380 municipalities respectively. The municipalities within the earthquake area have been left out. Coefficients are estimated using system GMM and standard errors are robust to hetereoskedasticity and autocorrelation and are clustered by municipality. Optimal number of lags based on information criteria. The table further depicts Granger causality tests of the variables in each equation. Tstatistics in parentheses, * p < 0.10, * * p < 0.05, * * * p < 0.01.
Conclusion
This paper has shown that the internet search data variable times watched per house Granger causes both house price changes and changes in market liquidity. Furthermore, the inclusion of this variable in a panel VAR model allows to gain useful insights in housing market dynamics thereby empirically confirming the theoretical findings of Genesove and Han (2012) . The findings suggest a demand shock gets temporarily absorbed in market liquidity as measured by the rate of sales. Prices adapt more gradually and the effect is permanent. Following this price adjustment, liquidity reverts back closely to its original level.
Moreover, internet search behavior does not seem to respond to price changes, but only to changes in liquidity. The relationship between changes in liquidity and time watched per house is found to be negative. Possibly, because more houses sold in the previous quarter indicates there are fewer potential buyers left who are still looking to buy in a particular municipality.
Finally, as the sample period is characterized by declining house prices, it might be the case that homeowners kept their listing prices too high. Hence, the slow adjustment process of prices found in this paper, is supportive of loss aversion in the housing market (Genesove & Mayer, 2001 ).
In the internet era vast amounts of data are produced which can be incorporated into economic models. We have shown that the housing market proves to be no different than, for example, the labor market or the stock market when it comes to the added value of internet data. Although vast amounts of data are received, it is only possible to use Funda data from 2011 onward, hence the sample period is only three years. In these three 24 years prices generally decreased, therefore it would be interesting to repeat the research in price increasing markets to see whether the dynamics are different. Furthermore, although the data is available at house level it cannot be linked to the address due to privacy issues. If the Funda data could be linked to a specific address, it can be merged with the database from which the house price and liquidity indexes originate. This would allow to do the research on an individual house level rather than on an aggregated scale.
coefficients for this region and the top left panel of Figure 5 presents the estimated price index for six municipalities within this COROP region.
Finally, the rate of sales is estimated by dividing the number of transactions by the houses for sale at the beginning of the quarter. The estimated rate of sales for the municipalities within the Amsterdam region are depicted in in the top right panel of Figure 5 . and 2013Q1 are included in these unobserved component models as there was a sudden increase and subsequent drop in these quarters due to the abolishment of the deductibility of interest-only mortgages. 
